Reusing the retired lithium-ion batteries from electric vehicles can generate considerable economic benefits. In this paper, a novel screening method based on partial discharge curves using a genetic algorithm and back-propagation (GA-BP) neural network for the retired cells is proposed. First, the discharge curves of the retired cells with different aging degrees were investigated. Based on this, the calculation method of internal resistance of retired cells was developed. Second, a novel capacity screening model based on a partially discharging process using a GA-BP model was proposed. In this model, the capacity and discharge characteristic data of a small number of sample cells were selected to train the capacity model using GA-BP, and the capacity of a large number of the remaining unsampled cells was estimated using the trained capacity model. Third, the screening simulation model with 108 retired cells was established, and the simulation results showed the effectiveness and rapidity of our proposed method. Finally, experimental verification was performed on the 20 retired cells with different aging degrees. The results showed that our proposed method is feasible, and the maximum error of capacity estimation was 2.951%.
Introduction
Electric vehicles (EVs) are of great significance for reducing dependence on foreign oil and emissions of greenhouse gases. Therefore, EVs are expected to gain a significant market share in the next few decades [1] [2] [3] [4] . Lithium-ion batteries (LIBs) are widely used in EVs for their high energy density, long service life, and environmental friendliness [5] [6] [7] . However, the cost of power LIBs is too high to limit the popularization of EVs. In recent years, battery manufacturers and local governments have been facing great recycling and disposal pressure from the large number of LIBs retired from EVs [8, 9] . As a result, the cascade utilization of power LIBs has attracted increasing attention. In practice, LIBs retired from EVs still retain approximately 70%-80% of their initial capacity, which is sufficient for safe usage in secondary applications such as electric bicycles, excursion vehicles, low-speed EVs, smart grids, and energy storage for wind and solar power [10, 11] . Through the cascade utilization of power batteries, the pressure of a large number of batteries entering the recovery stage can be alleviated. More importantly, the establishment of a power battery recycling and reuse system can effectively share the cost of EVs, which can help to promote the popularization and generalization of EVs [9, 12, 13] . Therefore, it is necessary to study the cascade utilization method of retired LIBs for the sustainable development of EVs.
Retired LIBs cannot be used directly in second-life applications because of their poor consistency, mainly due to inconsistencies in LIB manufacturing. More importantly, LIBs in EVs are confronted with various complex environments that result in diverse decay patterns of battery performance, thus exacerbating inconsistency among batteries. LIBs with poor consistency are easily overcharged or overdischarged [14, 15] , which leads to problems such as premature aging, heat runaway, and risk of explosion. Therefore, it is necessary to evaluate and screen retired EV batteries to both maximize exploitation of their residual capacity and ensure continuing safety. LIBs are prone to degradation from cycling, which leads to capacity fade and increased internal resistance [13, 16] . Generally, the cascade utilization of the retired LIBs can be divided into four levels [17, 18] . The first level is used in EVs when the state of health (SOH) of the LIBs ranges from 100% to 80%. The second-level battery (when SOH ranges from 80% to 50%) is applied to energy storage devices such as power grids and new energy generation. The third-level battery (when SOH ranges from 50% to 40%) is applied to low power applications. The fourth-level battery (when SOH is less than 40%) is dismantled and recycled. Therefore, SOH is the key metric in determining the application level of the retired LIBs. Capacity is a reliable index to describe the SOH in batteries [19] . If the capacity of each retired battery is directly measured, the test time is too long to be suitable for practical application. Therefore, some scholars have studied other criteria, which are often called health factors, to characterize the aging of LIBs. The widely reported health factor estimation methods [20] [21] [22] [23] include those such as internal resistance, incremental capacity analysis, and open circuit voltage. However, the testing environment and the conditions of these methods are special and are usually completed in the laboratory. Therefore, to maximize the economic value of retired batteries, it is essential to quickly evaluate the capacity of retired batteries for practical applications.
The published studies show that most screening procedures for retired batteries are conducted at the module level. Cell-level screening is not used for several reasons, including: (1) Cells in EVs are usually connected in parallel through welding, making them inconvenient and time-consuming to disassemble, and (2) cell screening is more inefficient because it deals with large quantities. However, the screening and regrouping of LIBs at the cell level is necessary in some cases. Although the time cost of cell-level screening is increased, the flexibility of regrouping is also increased. Therefore, it is more important to improve the efficiency of the cell screening procedure. The present study focuses on approaches for rapid screening and regrouping of cells.
In this paper, a fast capacity and internal resistance screening method is proposed based on a genetic algorithm (GA) and back-propagation (BP) neural network, and the simulation and experiment results verified the rapidity and accuracy of the proposed method. The remainder of this paper is structured as follows: In Section 2, the principle and method of capacity and internal resistance is introduced. In Section 3, the simulation model is established, and the validity of the proposed method is verified by simulation results. In Section 4, the experiment results are displayed and discussed, and in Section 5, the main conclusions are summarized.
Methods

Fast Screening of Capacity
Theoretically, the open circuit voltage (OCV) of the echelon cells is basically the same when the state-of-charge (SOC) is 100%. If the retired cells with a SOC of 100% are discharged in a series, the terminal voltage of each cell is closely related to its SOC. The terminal voltage of a cell with a large SOC value is larger than that of a cell with a small SOC. Obviously, the capacity of the cell is equal to the sum of the SOC and the discharged electricity (Q dischar ). Moreover, the Q dischar of each cell is the same due to all cells being connected in a series. Therefore, at the end of the constant current discharge, the capacity of the cell with a high SOC value is larger than that of the cell with a smaller SOC. Based on the above principle, the capacity of retired cells with an initial SOC of 100% can be fast-screened according to the relationship between the terminal voltage and the capacity of the cells at the end of discharge.
Assuming that a large number of retired cells with unknown capacity and internal resistance need to be quickly screened for capacity and internal resistance, the following screening processes were developed. First, a large number (N) of cells were selected for charging with constant current and constant voltage (CC-CV), and 100% SOC and the same OCV of each cell were obtained. Then, M cells (M <= N) were selected for series constant-current discharging. Figure 1 shows the discharging curve of M cells in the serial-discharging process. The voltage of each cell remained unchanged in the rest stage between 0 and t 1 . During t 1 to t 2 , cells in a series were discharged with a constant current (1/3 C). In the discharge process, the terminal voltage of each cell continued to decrease, and the quantity of electricity also decreased. The voltage of each cell rose gradually between t 2 and t 3 . Therefore, the voltage curves of N cells from 0 to t 3 were obtained. Obviously, the terminal voltage of each cell was affected by the internal resistance during the discharging process. Finally, the residual voltage after excluding the influence of internal resistance could be described as follows:
excluding the influence of internal resistance at t 2 , and U k (t 1 ),U k (t 1 + ∆t), and U k (t 2 ) are the terminal voltage at t 1 ,t 1 + ∆t, and t 2 , respectively. We randomly chose a small number of sampled cells from the M cells for standard capacity tests, and then the screening model was established through these test data. The capacity of a large number of the remaining unsampled cells (C k ) could be indirectly screened based on the established screening model. Therefore, the most critical step in achieving fast screening was to build a capacity screening model through the measured data of a small number of sampled cells.
Fast Screening of Internal Resistance
Usually, the internal resistance of a cell is obtained using the pulse method [24, 25] . As shown in Figure 1 , the internal resistance can be obtained as follows:
where R Dis,∆t is the discharging internal resistance at time ∆t, and I Dis is the discharging current. According to Equation (2), the internal resistance of all retired cells could be directly calculated by the partially discharging curve. Moreover, the fast acquisition of internal resistance also provided conditions for the fast capacity screening.
Capacity Screening Model Based on GA-BP Neural Network
In this section, a capacity screening model based on a GA-BP neural network is proposed to describe the relationship betweenÛ k (t 2 ) and C k based on a small number of sampled cells. A BP neural network is the most widely used artificial neural network. The structure of a BP neural network is composed of input layers, hidden layers, and output layers. The neural network is trained to set all weights before it can be used for forecasting. The initial weights are randomly set. The weights are modified according to the differences between output data and desired data in the backward process. This is repeated until the difference between the output data and the desired data is small enough.
Although a BP neural network can obtain the final convergence, the time of learning and training is very long, and it may converge to local optimization. To solve this intractable problem, in our study an improved BP neural network is proposed by adding GA, which is called a GA-BP neural network. A GA is a powerful stochastic algorithm based on the theory of evolution, and it imitates genetic inheritance in biology (i.e., it follows the law of natural selection and survival of the fittest). GA starts with an initial set of random solutions called a population, and each individual in the population is called a chromosome. The fitness of each chromosome is evaluated according to the objective function. After a series of operations including selection, crossover, and mutation, chromosomes with lower fitness are eliminated, and a new population is obtained. These operations are repeated until the chromosome can satisfy certain criteria.
The schematic of a GA-BP neural network is shown in Figure 2 . The training started with GA, which performed a global search on weight ranges and found out the best initial weights for the BP neural network. Then, the BP neural network started the training process with the best initial weights provided by GA and pursued the optimum solution. Our study employed a three-layer BP neural network model. The first layer was the input layers to characterize the input variables, the second layer comprised one hidden layer, and the third layer was the output layer to characterize the output variables. The detailed steps could be described as follows.
Step 1. Initializing the population, where each individual was composed of four parts: The connection weight between the input layer and the hidden layer (w j,i ), the threshold of the hidden layer (θ j,i ), the connection weight between the hidden layer and the output layer (w k,j ), and the threshold of the output layer (θ k,j ).
Step 2. Constructing the fitness function: The absolute value of the error between the predicted output and the expected output of the BP neural network was used as the individual fitness function. It could be expressed as follows:
where F is the fitness function, n is the number of network output nodes, y i is the expected output of the BP neural network at node i, o i is the predicted output of the BP neural network at node i, and k is a coefficient.
Step 3. Fitness proportionate selection: A roulette wheel selection method was used to determine the choice probability of the individual. If F i is the fitness of individual i in the population, its probability of being selected (p i ) could be expressed as follows:
where N is the number of individuals in the population.
Step 4. Cross operation, where the crossover of the chromosome k and the chromosome l in position j was as follows:
where b is a random number between 0 and 1.
Step 5. Mutation operation: The jth gene from the ith individual (a ij ) was selected for mutation. The mutation method was as follows:
where a max and a min are the upper bound and lower bound of a ij , respectively, r 2 is a random number, g is the current number of iterations, and G max is the largest number of evolutions.
Step 6. We decoded the gene codes of the above weight and threshold and brought them into Equation (3) to determine whether the evolution satisfied the end conditions. If it obtained the optimal weights and thresholds, it went to Step 7. If not, it returned to Step 3.
Step 7. Updating weights and thresholds of the neural network obtained by GA: In this three-layer BP neural network, the number of the hidden layer node was 4, the learning rate was 0.1, the number of the iteration was 100, and a sigmoid function was used for the node transfer function. The detailed descriptions about BP neural network are not listed here for brevity, but can be found in References [26] [27] [28] . 
Simulation
Simulation Model
In this study, we implemented a second-order resistor-capacitor (2RC) model to simulate the dynamic characteristics of the LIB [5] . As shown in Figure 3 , R 0 is the equivalent Ohmic resistance, U OCV is the voltage source, R 1 and R 2 are the diffusion resistances, and C 1 and C 2 are diffusion capacitances. The terminal voltages of the two series-connected RC circuits are denoted by U 1 and U 2 , the current is denoted by I, and the terminal voltage is denoted by U L . Based on the circuit principle, the discretization equations of the 2RC model could be expressed as:
where τ 1 and τ 2 are time constants (τ 1 = R 1 C 1 , τ 2 = R 2 C 2 ), and T s is the sampling period, which was set to 1 s in this study. Figure 4 shows the basic structure of the simulation model. The established model included the 2RC model, the thermal model, the capacity loss model, the coulomb efficiency model, and the internal resistance model. These models are described as follows. The performance of LIBs is greatly affected by temperature. When the temperature decreases, the diffusion rate of Li-ion in the electrode decreases, and the internal resistance of LIBs increases, which results in the increase of the Joule heat of internal resistance during discharge. Therefore, it is necessary to consider the influence of temperature on the battery in modeling. The thermal model used in this paper could be expressed as [29] :
where T is the temperature of the cell, q is the heat dissipation coefficient, T 0 is the ambient temperature, A is the heat dissipation area, m is the mass, and C m is the specific heat capacity. The model is a simple description of the heat balance process of internal heat release and convection heat dissipation. An empirical model proposed by Wang was used as a capacity loss model in this paper, which could be expressed as follows [30] :
where C Loss is the capacity loss, I Rate is the discharge rate, R is the gas constant, T is the absolute temperature, Ah is the Ah-throughput, and B is the exponential factor. According to our previous findings [29, 31, 32] , the coulombic efficiency model could be expressed as
where η is coulombic efficiency and k η is the temperature coefficient. According to Reference [33] , the internal resistance model could be expressed as
where R IR is internal resistance, E a is the activation energy, and k r is the internal resistance coefficient. The series battery pack system (108 cells) model was established based on the above models using MATLAB. The model could be used to simulate and verify our proposed screening method. In this simulation, the simulation parameters were set as follows: The initial temperature was set to 25 • C, the initial SOC of each cell was set to 100%, the capacity of the 108 cells was randomly distributed (as shown in Figure 5a) , the series constant current discharge was 11 A, and the discharge time was 10 min, as shown in Figure 5b . 
Simulation Results and Discussion
In this simulation, 108 cells were first rested for 10 min, then discharged for 10 min at 1/3 C, and then rested for 10 min after discharge stopped. The voltage curves of 108 cells in the discharge process are shown in Figure 6 . As shown in Figure 6 , the voltage of each cell remained unchanged during the rest stage (t = 0-600 s), and the voltage of each cell decreased and differentiated during the constant current discharge stage (t = 601-1200 s). At the rest stage after constant current discharge (t = 1201-1800 s), the voltage of each cell gradually increased and tended to be stable. The internal resistance and capacity of the 108 cells were screened using the above simulation results. Figure 7 displays the calculation results of discharge internal resistance. It can be seen that the internal resistance of each cell could be calculated quickly by our proposed method, and the screening of internal resistance was very convenient. Simulation verification of the capacity screening was carried out. First,Û k (1200) was calculated through Equation (1), and the result was shown in Figure 8 . Then, the voltageÛ k (1200) and capacity C k of 70% of the cells (k = 1, 2, · · · , 76) were used to train the screening model using GA-BP. Finally, the capacity C k of the remaining 30% (k = 77, 78, · · · , 108) of the cells was estimated by the trained screening model, and the estimated error was obtained through comparison to the real capacity. Capacity estimation results and errors are shown in Figure 9 . The results showed that our proposed method is feasible and that the maximum error of capacity estimation was less than 3%. In practice, the number of series-discharge cells could be very large. Few cells were used to train the GA-BP model, which could then be used for estimating the capacity of the remaining cells with large numbers. Therefore, the larger the number of series-discharge cells, the higher the screening efficiency was.
Experiment Verification and Discussion
Experiment Bench and Procedure
In this experiment, 20 cells with different aging degrees were selected as the experimental objects. The cathode materials of these cells were LiCo x Ni y Mn 1−x−y O 2 , and their basic parameters are shown in Table 1 . A battery test bench was established as shown in Figure 10 . The battery test bench was composed of a host computer, a battery tester (NEWARE BTS-600), and a temperature chamber. The host computer was used for online experiment control and data recording. The battery tester was used to load the battery with constant or dynamic current profiles, and the temperature chamber was used to provide temperatures for the cells. The experimental steps were as follows.
1.
Twenty cells (numbered Cell 1-Cell 20) were charged to SOC 100% and then rested for 10 min.
2.
Twenty cells were installed in the battery test bench. Since the battery test system could only install six cells at a time, we divided the above 20 cells into four groups, six cells in each group from the first to the third and two cells in the fourth. Series constant current discharge was carried out for each group.
3.
Each group of cells were discharged in series at a constant current of 11 A (C/3). The discharge time was 10 min, and the voltage data were recorded at a frequency of 1 Hz. 4.
Step 3 was repeated until the discharging of four groups with 20 cells was completed.
5.
The internal resistance of each cell was calculated by Equation (2) . Standard capacity test of all cells was performed, andÛ k (t 2 ) (k = 1, 2, · · · , 20) was obtained by Equation (1) . Then, a screening model was trained byÛ k (t 2 ) and the C k of partial cells using GA-BP. 6.
The capacity of the remaining battery was estimated, and the estimation error was investigated using the proposed capacity screening model. Figure 11 shows the voltage curves during discharge. It can be seen that different cells had different discharge voltage curves. The main reason for this phenomenon was the inconsistency of capacity and internal resistance among cells. In this paper, the internal resistance and capacity screening of retired cells could be realized by using these curves. The internal resistance of 20 cells could be obtained by Equation (2) , and the results are listed in Table 2 . According to the experiment manual, the real capacity of 20 cells could be obtained by a cyclic charging and discharging test. The test was repeated three times, and the mean value of the test capacity was chosen as the cell capacity. Table 3 lists the test capacity of 20 cells. These test data could be used to train the model and verify the proposed method. 
Experiment Results
Experiment Verification of Capacity Screening
The voltage values of each cell after excluding internal resistance at 1200 s (Û k (1200)) were obtained. The results are shown in Table 4 . We selected 14 cells (Cell 1-Cell 14) to train the capacity screening model, then used the model to estimate the capacity of the remaining six cells (Cell 15-Cell 20) and compared it to the test capacity to investigate the estimation error. The results are shown in Figure 12 . Figure 12 shows that the screening model based on GA-BP could accurately screen the capacity of retired cells. The maximum error was 2.951%, and the minimum error was 0.1691%. In practical applications, we could select the measured data of a small number of cells to train the screening model, and then the capacity of the remaining large number of cells could be screened through the trained model.
Traditional cell capacity screening requires repeated charging and discharging tests on each cell, so the test time is very long. For example, the cell with a capacity of 32 Ah used in this experiment needed at least three hours to discharge from 100% SOC to 0% SOC at 1/3 C. Therefore, the more the retired cell, the longer the test time. For our proposed method, it only took 10 minutes to train the screening model for the cells with 100% SOC. The capacity of a large number of cells could be estimated very fast using our trained model. Note that the proposed method and the traditional method need to first charge the cells to 100% SOC, but our method only needed to discharge 10 minutes to complete the capacity screening. Moreover, the trained model could not only screen the series cells with the same batch, but could also screen the series cells with other batches. Therefore, the screening efficiency was greatly improved. Taking the experiment cells as an example, we selected 100, 300, and 500 cells to compare the screening efficiency of the traditional screening method and our proposed screening method. Since all retired cells in the two methods needed to be charged to 100% SOC from the initial state, the time of this process was not counted and compared. Moreover, 10 charging and discharging devices were used for screening, and the charging and discharging currents were set to 1/3 C. The comparison results are shown in Table 5 . It can be seen that when the number of screening cells was 100, the screening time of our proposed method was only 55.56% of that of the traditional method, and when the number of the retired cells was 500, the screening time of our proposed method was only 17.78% of that of the traditional method. Obviously, the greater the number of screened cells, the higher the screening efficiency of the proposed method. 
Conclusions
In this paper, a fast screening method for the retired cells was proposed based on the different discharging voltage curves of cells with different aging degrees. First, the cells were charged to 100% SOC to get the same initial state. Then the retired cells were discharged with constant currents in a series. Then, the internal resistance of the retired cells was obtained based on the discharge voltage curve. For capacity screening, we proposed a fast screening method based on a partially discharging curve. In this method, the voltage and capacity of a few cells were used to train the screening model using the GA-BP model, and then the capacity screening model was used to quickly screen the remaining cells. Finally, simulation and experiment results showed that the capacity screening time was only 10 minutes, and the maximum error of capacity estimation was 2.951%. The rapidity and accuracy of the proposed screening method were verified.
Due to the limitation of the number of retired cells, only 20 retired cells were selected for the screening experiment, resulting in a failure to highlight the screening efficiency. In practical applications, a capacity screening model could be established by selecting a small number of cells for a standard capacity test, and then a large number of cells could be screened for capacity using the GA-BP model. Therefore, the screening efficiency is very high. Finally, the screening effect of series constant current discharge at different discharge rates is future work. 
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